ABSTRACT Current generation mobile wireless communication networks are not suitable for real-time positioning applications because timing information is not readily available. Fifth generation (5G) cellular networks provide device to device real-time communications which can be used for real-time positioning. Millimeter-wave (mmWave) transmission is regarded as a key technology in 5G networks. In this paper, several 73-GHz mmWave waveforms are investigated. A new threshold selection algorithm for energy detector-based ranging is proposed which employs a dynamic threshold based on an artificial neural network. The positioning performance using this algorithm with mmWave waveforms is investigated.
I. INTRODUCTION
The demand for location-based services (LBSs) is increasing rapidly with the proliferation of mobile devices. These services require accurate positioning [1] , [2] to locate vehicles [3] - [5] , planes, ships, people, animals, and assets. Global navigation satellite systems (GNSS), such as the global positioning system (GPS), the global navigation satellite system (GLONASS) [6] , and the Beidou satellite positioning system (BDS) [7] provide good accuracy only in open areas. In urban areas, satellites can be obscured by buildings and other structures which significantly degrade the positioning accuracy [8] , [9] . Further, these systems may fail in tunnels and within buildings.
Current cellular networks were designed primarily to provide communication services to mobile users. Determining the location of users is a feature of increasing importance [1] which originated with the enhanced 911 (E-911) services in North America [10] . A similar service called E-112 was developed in Europe [11] . However, mobile phones only connect to base stations, so device to device (D2D) communications is not available, and thus real-time timing and positioning is not possible [12] . The location precision of current cellular networks is only several hundred meters, which is unsuitable for most location-based applications. Future fifth generation (5G) mobile communication systems will provide real-time D2D communications which can be used for accurate positioning [13] - [15] . Since 5G system development is in the early stages, there is a unique opportunity to integrate mobile radio positioning [16] .
To meet the exponential increase in demand for wireless data and alleviate the severe spectrum shortage in current cellular bands, millimeter-wave (mmWave) technology has been proposed for 5G systems. These signals can provide location precision at centimeter to millimeter levels. In [17] , an experimental 5G system was developed which operates at 73.5 GHz with a 1 GHz bandwidth. Real-world channel measurements at 73 GHz in the dense New York urban area were presented in [18] and spatial statistical models were derived. It was found that even in non-line-of-sight (NLOS) environments, signals can be detected up to 200 m from cell sites. The European research project 5GNOW [13] developed a frame structure and multicarrier waveforms for robust transmission with very short latency to support 5G requirements.
A high center frequency implies a short pulse duration, which can provide good multipath resolution and positioning accuracy. Thus, impulse radio (IR) mmWave waveforms are better suited for positioning than other waveforms. The IEEE 802.15.4a standard [19] specifies an IR ultra wide-band (UWB) waveform to support ranging and positioning applications [20] . Although UWB signals can be employed for positioning, they are not widely used in current applications, and so have limited applicability in future wireless networks [21] , [22] . To date, there has been little research on the ranging and positioning performance of mmWave waveforms. An opportunistic space division multiple access (OSDMA) technique called global-positioningsystem-aided OSDMA (GPS-OSDMA) was proposed in [23] which employs GPS technology at base stations for location estimation. However, the waveforms for ranging or positioning applications were not considered. In [24] , three multicarrier waveforms for 5G systems, namely filtered cyclic prefix based orthogonal frequency-division multiplexing (CP-OFDM), filter bank based multicarrier (FBMC), and universal filtered multicarrier (UFMC), were presented. Several waveforms were considered in [25] , but only from the perspective of spectrum efficiency and utilization.
To date, there are no generally accepted 5G waveforms, so this paper focuses on different IR waveforms, and in the future, with the further studying of 5G candidate standards, other waveforms should be compared with IR waveforms, for example, CP-OFDM, FBMC, and UFMC.
Because of the complexity of wireless environments, it is difficult to derive a closed-form expression to estimate the location. Artificial neural network (ANN) have been used extensively in signal processing applications. In [26] , we used a back-propagation (BP) neural network to provide a mapping between a joint parameter and an optimal threshold to estimate the ranging. Reference [27] presents an indoor navigation solution by combining physical motion recognition with wireless positioning, where eight common motion states used during indoor navigation are detected by a Least Square-Support Vector Machines (LS-SVM) classification algorithm, e. g., static, standing with hand swinging, fast walking, U-turning and so on. Although SVMs have good generalization performance, an important practical question that is not entirely solved, is the choice of the kernel or the selection of the kernel function parameters. On the other hand the other problem with SVM is the high algorithmic complexity and extensive memory requirements of the required quadratic programming in large-scale tasks. Thus, in this paper, BP ANN is used to determine the dynamic threshold for ranging estimation.
The problem of energy is widely studied for wireless networks in recent years. On the one hand the goal is to maximize the energy-efficiency, while meeting hard QoS requirements on processing delay [28] - [30] ; On the other hand, the goal is to detect the signal in physical layer [26] .
In this paper, IR waveforms are considered from the perspective of ranging and positioning performance. The main contributions of this paper are given below. 1) Four mmWave waveforms, namely inverse fast Fourier transform (IFFT) pulse, Gaussian raised-cosine pulse (Gaussian-RCP), Sinc-RCP and Rectangular-RCP are examined in pulse position modulation time hopping (PPM-TH) system. A 73 GHz center or carrier frequency is considered.
2) An energy detector is employed with a threshold based on the root mean square delay spread (RMSDS) and an ANN.
3) The ranging and positioning accuracy of the proposed system are evaluated using the four mmWave waveforms.
The remainder of this paper is organized as follows. In Section 2, four mmWave waveforms are examined. Section 3 presents the ranging and positioning estimation methods. Section 4 introduces the system model and simulation parameters. In Section 5, an energy detection ranging method based on energy detection is introduced which employs RMSDS analysis and ANN training. The performance of the mmWave waveforms with the positioning methods is presented and compared in Section 6, and finally Section 7 concludes the paper.
II. MILLIMETER-WAVE (mmWave) WAVEFORMS
Both 28 GHz and 73 GHz mmWave signals have been proposed for 5G systems [18] . The transmission of shorter pulses makes higher time resolution (sub-nanosecond to nanosecond) possible, so 73 GHz signals are considered here with a bandwidth of 5 GHz from f L = 71 Ghz to f H = 76 GHz.
Both carrierless, i.e. IFFT pulse, and carrier using raisedcosine pulse (RCP) shaping, i.e. Gaussian-RCP, Sinc-RCP and Rectangular-RCP, signals are considered. The RCP signals can be expressed as
where h(t) is the baseband pulse signal and f c is the center frequency.
A. IFFT PULSE
A pulse waveform can be obtained by taking the IFFT of the desired spectral mask. If the maximum power is 10 W, the power spectral density (PSD) can be written as
where T p is the pulse duration. The corresponding IFFT pulse is
where sinc(x) = sin(πx)/πx. Figure 1 shows the IFFT pulse with T p = 2 ns. T p determines the number of sidelobes in a pulse. When T p = 0.4 ns, there are no sidelobes, and as T p increases, the number of sidelobes increases. Figure 2 presents the PSD of the IFFT pulse in Figure 1 . 
B. Gaussian-RCP
A raised-cosine pulse shape [31] such as the Gaussian pulse or one of its derivatives can be employed. The Gaussian pulse is denoted as g 0 (t) and the kth derivative as g k (t)
. . . . . .
where A is a constant used to normalize the pulse energy, and α is the shaping factor. The choice of α and k determine the signal bandwidth. In this paper, a Gaussian pulse is used with A = 1 so that
where
The Gaussian-RCP waveform and corresponding PSD are shown in Figures 3 and 4 , respectively, where T p = 2 ns and α = 0.5 ns so that f c = 73 GHz.
C. SINC-RCP
The truncated sinc pulse [32] is given by
where T is a parameter that changes the number of sidelobes in a pulse duration. Figure 5 shows the Sinc-RCP waveform with f c = 73 GHz and T = T p /2. In this case, there are no sidelobes, but when T = T p /4 there is one sidelobe on each side of the mainlobe. As T decreases, the number of sidelobes increases. The PSD of the Sinc-RCP waveform is
t dt. The PSD of the waveform in Figure 5 is shown in Figure 6 .
D. RECTANGULAR-RCP
The rectangular pulse is defined as and the corresponding PSD is
The waveform of the Rectangular-RCP pulse with f c = 73 GHz is shown in Figure 7 .
The PSD of the Rectangular-RCP waveform with f c = 73 GHz is shown in Figure 8 .
III. POSITION ESTIMATION METHODS
In general, there are two kinds of positioning methods, range based and non-range based. Time of arrival (TOA), time difference of arrival (TDOA) and received signal strength (RSS) are range based methods, while fingerprinting, angle of arrival (AOA), and image recognition [33] , [34] are nonrange based methods. For mmWave waveforms, range-based positioning is the most suitable because it can take advantage of the high time resolution available with very short pulses. Conversely, fingerprinting methods require prior information to build the fingerprint database, and this will need to be updated in changing environments. Thus, TOA positioning is considered in this paper.
A. RANGING
Accurate range estimation is the key to precise position estimation. There are two main approaches to wireless ranging, correlation and energy detection [26] . A correlation receiver is complex compared to an energy detector. As shown in Figure 9 , an energy detector consists of a square-law device, an integrator, and a sampler. The TOA estimate is obtained by comparing the integrator output with a threshold. The first sample to exceed the threshold is considered to be the start of the received signal and thus the TOA estimate. As shown in Figure 9 , after the low noise amplifier (LNA), the received signal is squared, and then input to an integrator with integration period T b . Because of inter-frame leakage due to multipath signals, the integration duration is set to 2T f , so the number of signal values for energy detection is N b = (2T f )/T b . The integrator output can then be expressed as
where n = 1, 2, . . . , N b is the sample index with respect to the start of the integration period, and N s is the number of pulses in each symbol. If the maximum energy value is selected as the start of the signal (denoted as the threshold-1 method), the TOA estimate is given by
If there is no signal, z[n] is the integration of noise which has a centralized Chi-square distribution. With a signal present, z[n] has a non-centralized Chi-square distribution. The mean and variance of the signal plus noise values are then
respectively, where E n is the signal energy in the nth integration period, F is the number of degrees of freedom given by F = 2BT b + 1, and B is the signal bandwidth. In a multipath channel and/or with a low signal to noise ratio (SNR), the first energy value may be before the maximum energy value, as shown in Figure 10 . To overcome this problem, threshold crossing TOA estimation can be employed where the energy values are compared to a threshold ξ ∈ (0, 1]. In this case, the TOA estimate is given by
However, determining an appropriate threshold ξ is difficult as will be discussed in Section 5.
B. POSITIONING METHODS
For TOA positioning, the time required for a signal to travel from one node to another can be used to estimate the distance between the nodes. Therefore, it is also called circle localization (2D) or spherical localization (3D). For example, in a 2D space, the ranges between the target node and reference nodes can be seen as the radiuses of circles centered at the reference nodes as shown in Figure 11 . The estimated position is then the intersection of the circles of the reference nodes. Positioning in a 2D space requires at least 3 reference nodes, and in 3D space at least 4 nodes.
In a 3D environment, the coordinates of the target node (x, y, z) at the intersection of the circles of the reference nodes can be obtained by solving the following system of equations
where (X k , Y k , Z k ) are the coordinates of the kth reference node, and D k is the range from the target node to the kth reference node.
In an ideal environment, solving (15) provides the exact coordinates of the target node. However, clock drift, thermal noise, and fading, result in errors in the D k values. Techniques such as least-squares estimation (LSE), Chan algorithm, Taylor algorithm, and Kalman filtering [35] can be used to mitigate these errors. For this purpose, (15) can be rewritten as
and
The coordinates of the target node are then obtained by solving
Therefore, the positioning accuracy depends primarily on the ranging precision. In Section 5 a new ranging method is proposed based on RMSDS analysis and ANN. As far as the TOA is considered, then the timing or synchronization between the devices will be of great significance, because of the out-of-converge scenario, in which the timing among D2D devices will be available since the BS is far from these nodes. This will pose great challenges to the designed schemes.
Two Way Time of Arrival (TW-TOA) ranging protocol in media access control (MAC) layer [19] in IEEE802.15.4a is based-on the reception of timestamp packets to eliminate the problem of synchronization, which can be used in this paper, shown in Figure 12 .
According to Figure 12 , the equations may be drawn to get the propagation delay T t without timing or synchronization. 
IV. SYSTEM MODEL
The system model, including the pulse shaping, modulation, channel, and receiver, are introduced in this section. The pulse shape parameters are given in Table 1 . Pulse position modulation with time hopping (PPM-TH) [36] is employed, which can be expressed as
where j, T c and T f are the frame index, chip duration, and frame duration, respectively, and the PPM time shift is ε, with the data a j either 0 or 1. If a j = 1, the signal will be shifted in time, and otherwise there will be no shift. Time hopping with pseudorandom integer-valued sequences c j is used to allow for multiple access communications. The modulation parameters are given in Table 2 , and an example of an IFFT pulse PPM-TH signal is shown in Figure 13 . The data bits are five 0 s followed by five 1 s, so there are no PPM time shifts in the first 5 pulses, but there are time shifts in the last 5 pulses. The pseudorandom time hopping sequence is 0, 2, 0, 3, 0, so there is no time hopping for pulses 1, 3 and 5, the second pulse hops 2 chips, and the four pulse hops 3 chips. The PPM and time hopping time shifts for pulses 5 and 6 are shown in detail in Figure 14 . In real environments, the signal may be scattered, reflected, and/or diffracted, which can cause multipath fading and attenuation. To date, there are no generally accepted 5G channel models. However, the AWGN channel can be employed as a baseline for communication systems. In this paper, an AWGN channel is considered with the signal to noise ratio (SNR) given by E b /N 0 where E b is the energy per bit and N 0 is the noise power spectral density. The mean absolute error (MAE) of the ranging estimates is used to evaluate the performance of the algorithms and is defined as
where t n is the nth actual propagation time,t n is the nth TOA estimate, C is the speed of light, and N is the number of estimates. Figure 10 indicates that when the SNR is low, the maximum energy value may not be at the start of the signal. In this case, the TOA estimate can be obtained using eq. III-B, but how to choose the threshold is very difficult. Now the problem becomes into how to set the threshold, i.e., how to establish the relationship between the threshold and the received energy values. A simple approach is set the threshold to a fixed value, for example 0.6 or 1. In this paper, a new dynamic threshold algorithm is proposed to obtain the threshold based on the signal energy statistics.
V. PROPOSED THRESHOLD SELECTION METHOD

A. SIGNAL ENERGY STATISTICS
In this section, the normalized skewness, kurtosis, RMSDS and standard deviation (STD) of the four mmWave waveforms are investigated. The integration period is T b = T f /100 = 2.4 ns, and the integration duration is 2T f = 480 ns, so the number of energy values is
1) STATISTICAL PARAMETERS a: STANDARD DEVIATION
The standard deviation (STD) is a widely used measure of variation or dispersion from the average value and is given by
wherez is the mean of the energy values.
b: KURTOSIS
The kurtosis is obtained using the second and fourth order moments and is given by
Positive kurtosis indicates a peaked distribution while negative kurtosis indicates a flat distribution. For noise only and sufficiently large F, z[n] has a Gaussian distribution and k = 0. As the SNR increases, k also increases.
c: SKEWNESS
The skewness is given by
As with the kurtosis, if z[n] has a Gaussian distribution, the skewness will be S = 0. In fact, any symmetric data will have a skewness of zero. A negative skewness indicates that the data is skewed left while a positive skewness indicates the data is skewed right. Skewed left indicates that the left tail is long relative to the right tail while skewed right indicates the opposite. For noise only (or a very low SNR), and sufficiently large F, S ≈ 0. As the SNR increases, S also increases.
d: ROOT MEAN SQUARE DELAY SPREAD
The delay spread is often used as a measure of the multipath richness of a communications channel. It can be interpreted as the difference between the time of arrival of the earliest multipath component and the time of arrival of the latest multipath component. The root mean square delay spread (RMSDS) is given by
where G is the total multipath gain and τ i is the ith multipath component.
2) STATISTICAL CHARACTERISTICS OF THE SIGNAL ENERGY
In order to examine the characteristics of the four statistical parameters, for each value of E b /N 0 , 500 channel realizations were generated. The statistics of the signal energy are given in Figure 15 for the four IR waveforms. This shows that the kurtosis and skewness are very close while the RMSDS has an opposite trend. Conversely, the STD has a very different behavior. Further, when E b /N 0 < 20 dB, the STD for the IFFT pulse and Gaussian-RCP is approximately constant at 0.4, for the Sinc-RCP at 0.6 and for the Rectangular-RCP at 0.9. Conversely, the kurtosis, skewness, and RMSDS are all monotonic functions, so they better reflect changes in the channel. Further, the RMSDS varies more with E b /N 0 than the kurtosis and skewness. For example, the normalized RMSDS changes with E b /N 0 from 15 to 45 dB, but the normalized kurtosis and skewness change with E b /N 0 only from 22 to 38 dB. Therefore, RMSDS is selected to estimate the threshold for ranging or positioning.
Further, Figure 16 shows that the RMSDS behavior is similar for all four mmWave waveforms, so it can be considered independent of the waveform.
B. BEST THRESHOLD WITH RESPECT TO RMSDS
The relationship between the RMSDS (denoted as R) and the best threshold ξ best is now established. First, 500 channel realizations were generated for E b /N 0 values 5, 10, . . ., 50 dB. The TOA estimates were then obtained using III-B for each threshold ξ ∈ {0.1, 0.2 . . . 0.9, 1.0}. The MAE for each pair of (R, ξ ) was then calculated, with R rounded to the nearest half integer. Figure 17 presents the relationship between the thresholds ξ ∈ {0.1, 0.2, . . . , 0.9, 1.0} and R ∈ {9, 9.5, 10, 10.5, 11}, for the MAE with the Gaussian-RCP. This shows that for a given R, changing ξ affects the MAE, as expected. The MAE first decreases and then increases, so there is a minimum MAE for a given R. For each value of R, the threshold providing the lowest MAE is selected as the best threshold ξ best . From Figure 17 , ξ best = 0.5 for R = 9, ξ best = 0.6 for R = 9.5, ξ best = 0.6 for R = 10, ξ best = 0.7 for R = 10.5, and ξ best = 0.8 for R = 11.
C. THRESHOLD SELECTION USING AN ANN
A BP neural network is used which consists of an input layer, a hidden layer and an output layer, as shown in Figure 18 . During the training period, the weights between each layer are adjusted according to the output layer error.
The number of neurons in the hidden layer is difficult to choose, at the same time, the adaption ability of ANN is limited, so repeated simulation were trained to determine the number of neurons in the hidden layer. The MAE was determined from 5 to 25 neurons in the hidden layer with the ANN trained 20 times. Figure 19 presents the relationship between the MAE and number of neurons in the hidden layer with the Rectangular-RCP. This shows that as the number of neurons in the hidden layer increases, the MAE decreases, so the effectiveness of the model improves. However, the computational complexity also increases. When the number of neurons is greater than 20, the MAE is approximately 1.7 × 10 −4 and changes only slightly as the number of neurons is increased. Thus, considering the tradeoff between complexity and performance, the number of neurons in the hidden layer is set to 20. The value of ξ ranges from 0 to 1, so the logsig function is chosen as the transfer function for the neurons in both the hidden and output layers. This function is defined as
The Levenberg-Marquardt (LM) algorithm is used in the training period to update the weight and bias values [37] . Before training they were initialized to random values uniformly distributed between -1 and 1. In order to train the ANN, i.e., to determine the relationship between R and the threshold ξ , the pairs of (R, ξ best ) were input into the ANN with 500 channel realizations for each value of E b /N 0 from 5 dB to 50 dB.
VI. PERFORMANCE RESULTS AND DISCUSSION
In order to test the adaption ability of ANN, in this section, 500 channel realizations were generated using the system parameters given in the previous section. Three energy detection methods are considered, fixed threshold=1 (denoted by threshold-1), fixed threshold=0.6 (denoted by threshold-0.6), and the proposed dynamic threshold based on RMSDS analysis and an ANN (denoted by threshold-dynamic). 
A. RANGING ACCURACY
The mean absolute error given in V is determined for energy detection with the four waveforms in an AWGN channel. Figures 20, 21 , and 22 present the MAE of the ranging estimation with the three thresholds.
These results show that the proposed method performs well for all the waveforms. When E b /N 0 is less than 20 dB, the ranging precision for the threshold-dynamic method is approximately 25 m, for the threshold-1 method is approximately 45 m, and for the threshold-0.6 method is about 34 m. However, when E b /N 0 is more than 30 dB, the ranging precision for the proposed threshold-dynamic method is several millimeters, but for the threshold-1 method it is nearly 10 m with the Rectangular-RCP waveform and 30 to 40 m with the other three waveforms. For both the threshold-dynamic and threshold-0.6 methods, the precision is similar for all four waveforms.
B. POSITIONING ACCURACY
The positioning performance is evaluated using the root mean square error (RMSE) which is expressed as
where ( Figures 23 and VII show the RMSE with the thresholddynamic and threshold-1 methods, respectively. With the threshold-dynamic method, when E b /N 0 is less than 25 dB, the RMSE varies greatly and can reach 100 m, but when E b /N 0 is more than 30 dB, the RMSE reduces rapidly to several centimeters. Conversely, with the threshold-1 method, the RMSE is very high, as it is more than 50 m with the Rectangular-RCP waveform and over 150 m with the other waveforms. Further, there is no significant difference in RMSE between the waveforms with the threshold-dynamic method.
VII. CONCLUSION
Device to device (D2D) communications in future 5G cellular networks was considered to meet the demands of current and future positioning services. The ranging and positioning performance was evaluated with four impulse radio (IR) waveforms, namely IFFT pulse, Gaussian-RCP, Sinc-RCP and Rectangular-RCP. These waveforms were employed with PPM-TH modulation using a 73 GHz center frequency.
A low complexity energy detection based ranging method was proposed. Results were presented which show that a dynamic threshold provides better performance than a fixed threshold. It was shown that the best performance is obtained with the Rectangular-RCP waveform. The proposed method was shown to provide sufficient accuracy for future real-time positioning applications. His research interests include ultra-wideband and spread spectrum communication systems, mobile and personal communications, OFDM, smart grid and green communications, algebraic coding theory, turbo codes, and iterative decoding, error control coding for computer memories.
